We used strains recently collected from the field to establish cultures; then, through laboratory studies we investigated how among strain variation in protozoan ingestion and growth rates influences population dynamics and intraspecific competition. We focused on the impact of changing temperature because of its well-established effects on protozoan rates and its ecological relevance, from daily fluctuations to climate change. We showed, first, that there was considerable inter-strain variability in thermal sensitivity of maximum growth rate, revealing distinct differences among multiple strains of our model species Oxyrrhis marina. We then intensively examined two representative strains that exhibited distinctly different thermal responses and parameterised the influence of temperature on their functional and numerical responses. Finally, we assessed how these responses alter predatorprey population dynamics. We did this first considering a standard approach, which assumes that functional and numerical responses are directly coupled, and then compared these results with a novel framework that incorporates both functional and numerical responses in a fully parameterised model. We conclude that: (i) including functional diversity of protozoa at the sub-species level alters model predictions and (ii) including directly measured, independent functional and numerical responses in a model provides a more realistic account of predator-prey dynamics.
Introduction
Protozoa (phagotrophic microbial eukaryotes) are key components of terrestrial and aquatic ecosystems (Bonkowski, 2004; Calbet, 2008) . Both in natural and experimental systems, protozoa respond rapidly to increases in prey abundance, with shortterm increases in numbers composed of one or a few similar species that potentially drive predator-prey cycles (Montagnes, 1996; Begun et al., 2004) . Furthermore, ambient temperature interacts with prey abundance to alter protozoan rate processes (for example, ingestion, growth, gross growth efficiency, predator-prey dynamics; see Weisse et al., 2002; Atkinson et al., 2003; Montagnes et al., 2003 Montagnes et al., , 2008 Kimmance et al., 2006) . This interaction will also alter predator-prey bloom dynamics. Finally, not only do protozoa exhibit species-specific responses, there are good indications that strain-specific responses occur and will significantly alter population dynamics. Thus, there is a need to assess the effects of prey, temperature and predator strain on protozoan population dynamics. Here we use the model protozoa Oxyrrhis marina to address two fundamental, and we suggest inexorably linked, issues associated with improving protozoan population models: (i) the influence of temperature on strain-specific responses and its impact on population dynamics and (ii) the structure of population models that examine protozoan-based predator-prey dynamics. Both of these topics are expanded on below.
Intraspecific variation
Intraspecific variation has, to date, received insufficient attention with regards to community ecology, including predator-prey dynamics (Violle et al., 2012) . Predicting natural population dynamics can be complicated by the presence of competing strains, each with a distinct phenotype (for example, growth rates, competitive abilities and thermal optima). Thus, model predictions based on the responses of single strains are likely to have limited relevance to many natural, multi-strain systems. However, despite the growing recognition of genetic and phenotypic variation between protozoan populations (for example, Weisse and Montagnes, 1998; Lowe et al., 2005 Lowe et al., , 2010 Gächter and Weisse, 2006) , we are unaware of any explorations of how environmental perturbations, such as temperature shifts, alter population dynamics of phenotypically distinct strains of the same species or the outcome of competition between them.
Trait-based models are now beginning to provide a means to incorporate variation into natural dynamics (for example, Le Quéré et al., 2005; Bruggeman and Kooijman, 2007; Follows et al., 2007; Violle et al., 2012) . This direction offers an assessment of taxonomic variation that may alter population structure, as one strain replaces another (for example, Parmesan, 2006; Carroll, 2007) . To date, however, the exploration of models using multiple functional groups (represented by taxa) has primarily focused on autotrophic protist (that is, prey) responses, although there has been some exploration of variable predator responses (for example, Tirok et al., 2011) . Here, we indicate that multiple strain responses naturally exist for our model predator species and then examine how they might alter population dynamics, both in isolation and under competition, by comparing two strains in detail. We do this using an approach that simultaneously evaluates both the functional and numerical responses of the predator and how they are affected by a single environmental variable (that is, temperature).
Functional and numerical responses
Typically, many modern day population and ecosystem models, although highly sophisticated, are ultimately based on the original Lotka-Volterra (LV) models developed nearly 100 years ago. In particular, these models (both the original versions and their modern day counterparts) make the assumption that the numerical response (predator growth rate vs prey abundance) is directly proportional to its functional response (ingestion rate vs prey abundance). Specifically, these models rely on an experimentally parameterised functional response and derive the numerical response by imposing a constant conversion efficiency on the functional response (see Turchin, 2003) . Rarely is it recognised that functional and numerical responses can qualitatively differ in shape, reflecting a variable conversion efficiency with food concentration (for a detailed microbial-based review and analysis of this see Fenton et al., 2010) . Further complicating the situation, models rarely appreciate that both functional and numerical responses can be uniquely altered by external factors (for example, temperature: Kimmance et al., 2006; Montagnes et al., 2008) .
To illustrate the problems associated with the standard approach described above, consider the case where two predator populations (for example, strains of the same species) exhibited similar functional responses but have different numerical responses. Logic dictated by the LV-based approach (that is, directly basing the numerical response on the observed functional response, with a constant conversion efficiency) would suggest that the two strains respond similarly (that is, typically, in the absence of data, a single conversion efficiency would be applied to all strains of a single species); there is no scope in this framework to recognise and include the different numerical responses (which could result from variable conversion efficiency). In reality, as these two strains exhibit different numerical responses, following logic outlined by Tilman (1982) , the strain with the lowest growth requirement for a limiting resource (that is, the one able to maintain positive growth at the lowest resource concentration) will have the competitive advantage. Here, we present a case where, under some conditions (that is, varying temperature), the functional responses of different strains are not significantly distinguishable, and following the above logic, this would imply no difference between the strains response to prey abundance. We then reveal how combining independently derived functional and numerical responses leads to a very different conclusion (that is, one strain drives the other to extinction).
Summary of direction
Initially, and critically, we illustrate the importance of this issue of strain variation by revealing that several naturally occurring strains of our model species differ in thermal sensitivities; temperature was chosen as an environmental treatment because of its well-established effect on microbial rates and its ecological relevance, from daily fluctuations to climate change. We then intensively focus on two strains that exhibit distinctly different thermal responses. For these two strains, we examine the influence of temperature on their functional and numerical responses. Finally, we consider how these responses alter predicted predator-prey population dynamics under two simulated scenarios: first, by exploring the standard LV-based approach of deriving the numerical response directly from the functional response, and second by applying a more flexible framework that explicitly incorporates independent functional and numerical responses in a fully parameterised model.
Materials and methods

Study organisms
The autotrophic flagellate Dunaliella primolecta, Butcher (CCAP, Dunstaffnage, Scotland) was maintained in 32 PSU (practical salinity units) artificial seawater (Ultramarine synthetic sea salt, UK) enriched with F/2 marine water enrichment solution (Sigma-Aldrich, Dorset, UK) and exposed to 24-h irradiance at B50 mmol photons m À 2 s À 1 . We collected 10 strains of O. marina Dujardin (following methods outlined in Lowe et al., 2011b) that were maintained on D. primolecta (Table 1) . Note although that two of these may, in fact, be a different species of Oxyrrhis; following recent work by Lowe et al., (2011a) To test the hypothesis that variation between strains occurred in their temperature responses, two-way analysis of variance (a ¼ 0.05) was performed to test for strain-temperature interactions. Further post hoc tests to examine where differences occurred were not performed, as the purpose of this broad analysis was to indicate that variation exists; that is, to contextualise the need for further focused work, rather than to examine specific pairwise comparisons. The only exception to this was a t-test on two strains that are the focus of the remainder of this study (see Results section).
Temperature responses of two strains
The temperature response data ( Figure 1 ) were used to select two strains that exhibited different responses at 20 1C and 26 1C (351_FAR01 and 45_BOG01, Figure 1 , Table 1 , henceforth abbreviated to O F and O B , respectively); these strains were chosen based on their unique attributes, rather than considering the wider geographical location they were isolated from, as it is likely that many protists (and specifically O. marina) are widely dispersed and the local environment will act as a selective force (for example, see Watts et al., 2011) . They were studied in detail in batch cultures to: (1) evaluate if maximum growth rates or the functional response alone would be appropriate predictors of strain differences and (2) obtain parameterise responses to be incorporated into a predator-prey population model to further assess strain responses.
D. primolecta growth response
To fully parameterise the predator-prey model, logistic growth parameters for D. primolecta (that is, P, the prey) were determined at 20 1C and 26 1C. Triplicate cultures were maintained under the constant conditions described above, at 20 1C and 26 1C. Before experiments, cultures were acclimated (5 days); then change in population abundance was measured over 15 days. Theta-logistic growth curves (Equations 1 and 2; Sibly et al., 2005) were fit to the data, at each temperature, to determine the carrying capacity (K, prey ml À 1 ), shape parameter (y) and maximum growth rate (m, day À 1 ). Specifically, the solution of Equation (1) (that is, Equation 2) was fit to the responses of prey abundance (P t ) vs time (t), using the Marquardt-Levenberg algorithm (SigmaPlot, V 11, Systat Software Inc., San Jose, CA, USA) to obtain estimates of K, m and y (see Table 2 ). Revising microbial predator-prey models Z Yang et al O. marina response to prey and temperature O. marina was acclimated (2 days) to constant experimental prey levels (with more measurements at low levels; see Montagnes and Berges, 2004) at 20 1C and 26 1C, under the conditions described above (see D. primolecta growth response). Prey treatment levels ranged from near zero to where prey growth reached stationary phase (as determined experimentally, see Results section); such high levels of prey (similar to D. primolecta) can occur in coastal waters where O. marina exists (for example, Begun et al., 2004) . Controls for prey growth, without O. marina, were conducted at constant prey and light levels, identical to the O. marina prey treatments. All cultures were maintained for 24 h at each temperature, after which prey and O. marina numbers were determined. Ingestion rate of O. marina (prey predator À 1 day À 1 ) was determined from changes in prey abundance in control containers (without O. marina) compared with experimental containers (with predators), following well-established methods that account for changes in both predator and prey abundance over the incubation (for example, Heinbokel, 1978; Kimmance et al., 2006) . Specific growth rate of O. marina (r, day À 1 ) was determined as described above (Temperature responses across strains). Table 1 for information on strains. The dashed horizontal line in each panel shows net zero growth. Three replicate measurements were made at each temperature (indicated by solid dots). The inset at the bottom right is provided as a comparison of two strains (O B , O F ) that are used in later sections of this work; in this case mean estimates are presented, with error bars being 1 s.e.
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Developing response equations
Following standard practices for data that clearly follow a rectangular hyperbolic response (for example, Heinbokel, 1978; Berges et al., 1994; Montagnes et al., 2008) , predator ingestion rate (I, prey predator À 1 day À 1 ) was modelled to vary with prey concentration (P, prey ml À 1 ), following the Holling Type II function (Equation 3), where I max and k 1 are constants. Predator-specific growth rate (r, day À 1 ) was modelled to follow a similar rectangular hyperbolic response (Equation 4), but with a non-zero intercept (P 0 , prey ml À 1 ), assuming a basal metabolic rate, where r max and k 2 are constants with relevance to biological mechanisms (see Fenton et al., 2010) .
Equations 3 and 4, respectively, were fit to the numerical and functional response data, at each temperature, using the Marquardt-Levenberg algorithm, which is appropriate for such data (Berges et al., 1994) . Adjusted R 2 values for the 4). We applied an additive model of exploitative competition, such that each predator strain acted independently of the other, and the only interaction between predators was indirect, via the limiting prey resource. This is the simplest model of two consumers competing for an explicitly modelled resource and the most appropriate starting point in the absence of data to inform more sophisticated relationships. Equations (5-7) describe the model:
where O F and O B are the abundance of the two strains; r F and r B are the prey-dependent growth rates of the two strains Equation (4); I F and I B are the prey-dependent ingestion rates of the two strains Equation (3); P is prey abundance; m is the specific growth rate of the prey; K is the prey carrying capacity; and y is the shape parameter of the logistic growth curve Equation (1).
Results
Temperature responses across strains Growth rates of O. marina strains ranged between À 0.37 and 1.63 day À 1 , generally increasing with temperatures between 10 1C and 20 1C; at 10 1C and 30 1C growth was low or negative (Figure 1 ). There was significant variation between strains in their temperature responses (that is, significant interactions between temperature and strain; two-way analysis of variance, a ¼ 0.05), both quantitatively, in terms of maximum and minimum growth rates and temperatures of peak growth and qualitatively, in terms of the overall shapes of the growth responses with temperature ( Figure 1 ). These data indicate substantial variation in the thermal growth responses of O. marina, sampled from a range of locations (Table 1) . Recognising these differences in thermal responses, the remainder of this study focused on two example strains, 45_BOG01 and Table 2 ). The carrying capacity was significantly higher at 20 1C, but neither growth rate (m) nor y were significantly affected by temperature (t-test, a ¼ 0.05).
O. marina functional and numerical responses
For both O. marina strains (O B , O F ), ingestion followed a type II functional response, at both 20 1C and 26 1C, although neither reached saturation over the observed prey range at either temperature (Figures 3a and d) . The functional responses of O F and O B were not significantly different at 26 1C, and these did not differ from the O F response at 20 1C. In contrast, the maximum ingestion rate for O B was significantly lower than that of all other treatments (Figures 3h and i) . In all cases, the standard errors, P-and F-statistics for the regression, and adjusted R 2 values indicate that Equation (3) was a very good representation of the data (Table 2) .
For both O B and O F , growth followed a rectangular hyperbolic numerical response Equation (4) at 20 1C and 26 1C, with both strains approaching an asymptote at high prey levels, at both temperatures (2); dashed lines represent the 95% confidence interval; for the parameters and their error estimates of this fit see Table 2 .
Revising microbial predator-prey models Z Yang et al (Figures 3a and b ). There were significant differences between the numerical response parameters for the two strains, at the two temperatures ( Figures  3e-g ). In terms of maximum growth rate and the threshold prey concentration, the two strains had virtually reversed responses at the two temperatures (Figures 3a-f) . However, the k 2 -value Equation (4), reflecting the initial curvature of the response, did not follow this pattern ( Figure 3g) ; the significant changes in k 2 values imposed subtle (but as will be seen below important) changes to survival at low prey concentrations. The standard errors and adjusted R 2 values indicate that Equation (4) was a good representation of the data (Table 2) .
Model results
As indicated in the Introduction and Materials and methods Equations (5-7), we explored whether predator-prey dynamics would differ between stains. However, we first assessed how sensitive our predictions were to the modelling framework used, as the outcome of this analysis impacted our evaluation of strain differences. Table 2 . (e-i): parameter estimates (error bars ¼ 1 s.e.) for Equation (3) (h, i) and Equation (4) (e-g). Lines on e-i link measurements on the same strain. Symbols with the same letters ('a', 'b') indicate parameters that were not significantly different (see Materials and methods section).
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If competition is evaluated following a standard LV-based approach (where the numerical response is derived from the functional response by assuming a constant conversion efficiency ; Turchin 2003) , it is apparent that at 20 1C, strain O F would outcompete strain O B ; this is because O F has a significantly higher maximum ingestion rate, at all prey concentrations (Figures 3c and h) , and therefore, because of the assumption of constant conversion efficiency, it also has a significantly higher growth rate. In contrast, at 26 1C, where there was no significant difference in the functional responses between O B and O F (Figures 3d, h and i) , a competitive advantage of one strain would not be predicted by the functional response alone; rather it might be governed by strain differences in conversion efficiency, a parameter that we lack unless growth rate is also determined (see Fenton et al., 2010) . We support this analysis based on visual observation of the functional responses by placing the functional responses into a Rosenzweig-MacArthur predatorprey model with constant assimilation efficiency and mortality rate (see online Supplement).
To reveal the importance of independently estimating predator growth rate across a range of prey abundances (that is, the numerical response), we then applied the Independent Response approach Equations (5-7), advocated by Fenton et al. (2010) . When both the parameterised functional and numerical responses were included in the model Equations (3 and 4), stable predator-prey cycles occurred for strains O B and O F on their own at 20 1C and 26 1C (Figures 4a-f) . The periods of both O B and O F cycles were B30 days at 20 1C and B20 days at 26 1C, respectively (Figures 4c-f) . The highest maximum abundance of the predator occurred at 20 1C for O B , and the lowest maximum abundance occurred for O F at 26 1C. O F depressed prey B10 times lower than O B (Figures 4a and b) at both temperatures. Critically, temperature influenced the relationship between the predator and prey in unique ways (Figures 4a and b) . Hence, temperature shifts, over the range examined, altered the quantitative dynamics (that is, peak-trough levels and periodicity) of the two strains in isolation.
When the two strains were combined in the model O F survived, and O B became extinct at both temperatures (Figures 4g and h ). This finding was robust over a wide range of combinations of initial predators and prey densities.
Discussion
This work combines an initial survey of naturally occurring strains (Table 1) , the determination of functional and numerical responses, and application of a novel approach (see Fenton et al., 2010) to model formulation and parameterisation to illustrate how protozoan strain differences may alter the outcome of population models. From this we suggest that: (i) including functional diversity of protozoa at the sub-species (that is, strain) level can alter model predictions (and hence ecosystem dynamics where protozoa are important) and (ii) including directly measured, independent functional and numerical responses in models can provide a more realistic account of predator-prey dynamics.
Functional diversity
We found that strains of the model protozoa O. marina display variable growth rate responses to temperature and thus cannot be considered the same in an ecophysiological or modelling context (although it is possible that some of this variation is related to cryptic speciation within Oxyrrhis; Lowe et al., 2011a) . O. marina has a global distribution, has been isolated from a wide range of locations (Lowe et al., 2010; Watts et al., 2011) , and is used to parameterise a range of ecological models (reviewed by Davidson et al., 2011) . Consequently, in terms of modelling protozoan population dynamics, our results suggest that the general application of parameters obtained from unspecified strains of this species (or poorly characterised species of the genus) would be inappropriate.
Our work supports the growing awareness of intraspecific variation in responses to environmental factors; for example, distinct thermal responses occur for isolates of the freshwater ciliate Urotricha farcta (Weisse and Montagnes, 1998) , the globally distributed soil-ciliate Meseres corlissi (Gächter and Weisse, 2006) and the autotrophic flagellate Isochrysis galbana (Sayegh et al., 2007) , and there are salinity-strain interactions for O. marina (Lowe et al., 2005) . Accordingly, we recognise a need to quantify the impact of such strain differences using model systems; in the next section, we focus on two strains of O. marina to illustrate how this issue can be approached in a broader context.
Multiple predator responses
The magnitude of strain differences in the functional and numerical responses observed here are as great as those that can occur between different protozoan species (for example, Montagnes, 1996) . It may seem that the scatter of our data is high, but it is typical for estimates of functional and numerical responses of protozoa (for example, Kimmance et al., 2006) , and by performing many measurements across the prey range, especially with a focus on lower prey abundances, it is possible to obtain powerful, average estimates of parameters associated with the functional and numerical responses (Montagnes and Berges, 2004) . Following this procedure, we have established functional and numerical responses that reveal significant differences in their parameters (Figure 3) . A main implication from these data is that although simple parameters such as maximal growth rate may be useful and appropriate criteria for recognising strain diversity (Figure 1 ), they are unlikely to distinguish differences in a more dynamic, ecological context. Given the importance of temperature as a key environmental driver of ecological dynamics, we specifically explored its influence on strain dynamics.
Following predicted long-term increases (3-6 1C over the next century; Houghton, 2005) , temperature of small water bodies, such as ponds and shallow estuaries will rise; specifically, the latter is where prey that are suitable food for O. marina occur at levels up to 10 6 -10 7 ml À 1 , and O. marina can be abundant (4100 ml À 1 ), occasionally reaching 10 5 ml À 1 (Johnson et al., 2003; Begun et al., 2004) . Furthermore, the intensity and frequency of shortterm temperature variations because of global warming will increase (Houghton, 2005) , and short-term warming events caused by other environmental processes, ranging from the North Atlantic Oscillation to seasonal effects, will alter the temperature of isolated water bodies (for example, Gerten and Adrian, 2000) . Consequently, environments where taxa, such as our model protozoa, are abundant will be affected by temperature change. In a tri-trophic model (flagellate-ciliate-Daphnia), Montagnes et al. (2008) proposed that short-term temperature fluctuations would impact carbon flux in small fresh water bodies; in fact, they suggested that small temperature shifts could virtually block trophic coupling. Similarly, in our system, for both O. marina strains there were temperature-induced differences in the predator-prey dynamics (that is, changes in amplitude and frequency of cycles, Figure 3 ) that would manifest themselves in changes Revising microbial predator-prey models Z Yang et al in carbon-flux through the food web. However, as is the case for most models, Montagnes et al. (2008) only parameterised their tri-trophic model with responses from single strains, and it is clear from our work that data from a single strain of predator may be inappropriate. Clearly, adding other species to the model or using parameters from a different species could alter the outcome, but equally the addition of other strains or including a single but different strain (as indicated in a general sense by Figure 1 and illustrated in detail by Figure 3 ) would alter predictions of carbon-flux, possibly stabilising the system and reducing the impact of temperature changes but alternatively extending the range of responses and increasing instability. A recent, novel approach to modelling (to date, focused on phytoplankton as prey and some predators) is to include a suite of responses, making models more robust; that is, the broad-ranged multi-species or multi-functional group approach (Le Quéré et al., 2005; Bruggeman and Kooijman, 2007; Follows et al., 2007; Tirok et al., 2011) . Our data on this one predator-prey model system support the need to extend this approach to the protozoan component of such models.
Including functional and numerical responses in models
This study strongly supports the need to independently parameterise functional and numerical responses, rather than extrapolating the numerical response from the functional response, as is typically done in most models based on the original LV structure (Turchin, 2003) . First, the functional responses for the two strains (Figures 3c and d) have a distinctly different shape from the numerical response (Figures 3a and b) , providing strong evidence for a change in conversion efficiency with prey abundance; this discredits inferences that the numerical response should be based directly on the functional response (for detailed proof of these concepts see Fenton et al., 2010) . Second, the thermal sensitivity of the numerical responses differed between strains, especially at low prey levels (Figures 3a, b, f and g ). Protozoa, such as O. marina, also lend themselves to act as model organisms for the wider evaluation of competition; for example, microcosm experiments can empirically assess competitive abilities and the subsequent change in biodiversity in response to temperature (for example, Petchey et al., 1999) . However, employing laboratory techniques to empirically examine competition between morphologically identical strains, as we have here, is less tractable, as they cannot be distinguished. Consequently, we used a theoretical approach, parameterised from lab experiments, to assess how a temperature shift might alter dynamics when two strains are placed in identical environments.
O B and O F , independently, produce distinct predator-prey cycles at 20 1C and 26 1C, demonstrating that both would survive independently across a landscape over that temperature range. As indicated in the Results section (and in our online Supplement), if a traditional modelling approach (based only on the functional responses and a constant conversion efficiency) was applied to our data, we would predict that O F had the competitive advantage at 20 1C; following the same logic we could not identify a competitive advantage for either at 26 1C (that is, where the functional responses were not significantly different, Figures 3d, h and i) . However, in our Independent Response model, when the two strains were combined using independently derived functional and numerical responses, O B was driven to extinction over days to weeks (Figures 4g and h) , regardless of the ambient temperature.
The competitive ability of O F over O B is also apparent in the phase plots (Figure 4a and b) , as O F drives the prey an order of magnitude lower than O B . These results derive from different abilities to survive at low prey levels, revealed by the numerical responses, which have different shapes (Figures 3f  and g ). In general, this principle of comparing numerical responses to explain the outcome of competition is not new: the species (or strain) with the lowest growth requirement for a limiting resource will have the competitive advantage (Tilman, 1982) . However, as most population and ecosystem models rely on functional responses to establish numerical responses (by applying a constant conversion efficiency), and as shown above, the functional and numerical responses can differ in shape, there is a fundamental flaw in this logic. Consequently, we argue that, when possible, both functional and numerical responses should be obtained independently, or alternatively a wellparameterised variable conversion efficiency should be included (see Fenton et al., 2010; Minter et al., 2011; Montagnes and Fenton, 2012) .
Conclusions
To encompass potential variation in ecosystem models, there is a growing effort to include response diversity, within trophic categories (for example, Le Quéré et al., 2005; Follows et al., 2007; Violle et al., 2012) . Using a model protozoa, we support a growing concern that predator strain differences may need to be considered; we do this by first revealing the potential scope of the issue, across strains ( Figure 1 ) and then providing a detailed example of how differences might alter predatorprey population dynamics. Clearly, such variation in responses requires further investigation before sweeping generalities are made, and this should ultimately include comparing model predictions with microcosm incubations (once means are developed to distinguish between virtually identical clones). However, the responses we present here are indicative of the potential influences of strain differences, and from our work, which builds on studies that recognise strain differences, we recommend that such response variation continues to be considered. We also recommend that a range of predator responses be included in trait-based models and that where only a single predator is included, sensitivity analysis be applied to embrace potential variation due that observed for strains.
Of more general concern, we have indicated that the standard method of modelling, using only a functional response and assuming a constant conversion efficiency to obtain the numerical response, could result in different conclusions from models where independently derived functional and numerical responses are included (for example, when assimilation is allowed to vary within the model; see Fenton et al., 2010) . This supports the conclusions of Kimmance et al. (2006) who indicated, also using O. marina, that temperaturedependent gross growth efficiency has non-intuitive interactions with prey abundance. Consequently, we strongly recommend that modelling efforts on population dynamics of microbial eukaryotes, at the very least, consider variable assimilation efficiency and that laboratory studies should be directed at parameterising such responses.
